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I. Introduction
The theoretical framework of gender discrimination analysis was developed by Becker (1957) . Blinder (1973) and Oaxaca (1973) outlined the measurement for gender discrimination by introducing the decomposition method of the wage (earnings) differentials. Alternative decomposition methods were further developed and proposed by others, for example, Cotton (1988) , Neumark (1988) and Oaxaca and Ransom (1994) . Within the Blinder-Oaxaca decomposition framework, one will obtain a range of estimates for the discrimination (Cotton 1988) . Based on the discriminatory behavior of employers, the method proposed by Neumark (1988) produces a lower estimate for the discrimination than those proposed by Oaxaca in a study by Neumark (1988, p.293) and is confirmed also in our study (cf. Table 3) . Up until now, there is no common consensus on which decomposition method is better than the others. Moreover, there is little concern about the statistical significance of the estimated explained and unexplained (commonly referred as the discrimination) components derived from the decomposition across various decomposition methods. These issues, indeed, are of equal importance in the sense that policy implications are generally put forward according to the estimated results.
Using a sample of individuals drawn from the 1997 Urban Household Survey in China, the present paper attempts to answer the following two questions: (1) Did the commonly used decomposition methods give significantly different results? and (2) Is the explained component significantly different from the unexplained component within each decomposition method? In this paper, we propose a new procedure to implement a standard bootstrapping technique, with corrections for heteroskedasticity, to investigate these two questions on one specification 1 of the Mincerian earnings function. Our results indicated that there are significant differences in the estimated explained component and thus the unexplained component (discrimination) across selected decomposition methods. Furthermore, it was found that there are significant differences between the explained and the unexplained components within each decomposition method. Our bootstrapping procedure may be regarded as a guideline on how to choose different decomposition methods without losing important information, and on evaluating the relative importance of the explained versus the unexplained components for any chosen method.
The remaining part of the paper is organized as follows. The next section outlines the decomposition methods commonly used to measure gender earnings discrimination in the literature and the bootstrap technique for making statistical inferences. Section 3 briefly discusses the data and the specification for the gender earnings function adapted in the present study. A summary of the estimations of the earnings function is also included. The statistical tests on the significance of the decomposition components across different methods and within each method are presented in Section 4. The final section concludes the paper.
II. The Decomposition of Gender Earnings Differentials and the Bootstrap Technique

A. Decomposition Methods
To address the issues of gender earnings differentials and thus the gender discrimination issue requires estimation of the earnings functions by gender. The logarithmic male (lnE M ) and female (lnE F ) earnings functions take the following forms.
(1) ln are the average earnings-determining characteristics of the male and female samples, respectively. This differential can be decomposed into two main components, namely the explained and the unexplained (commonly referred as discrimination) component. Among the various decomposition methods, the method introduced by Oaxaca (1973) and the one proposed by Neumark (1988) are commonly used in the literature. Accordingly, the present paper is focused on these two methods for illustration purpose. The applications of both methods in the literature are abundant. The work of Ashraf (1996) , Finnie and Wannell (2004) , Hayfron (2002) , Hinks (2002) , Prescott and Wandschneider (1999) , and Silber and Weber (1999) are among the examples. For studies of China, see Chen, Démurger and Fournier (2005) , Gustafsson and Li (2000) , Liu, et al (2000) , and Maurer-Fazio and Hughes (2002) .
The decomposition procedure developed by Oaxaca (1973) splits the total gender earnings differentials (the left-hand side of Equation (3)) into two components. That is,
The first component (the first term on the right-hand side of the equality) is the differential attributable to gender differences in the observable productive characteristics themselves, while the second component (the terms in the square bracket) is the earnings gap due to differences in the male and female returns to these productive characteristics. It is this second component (the unexplained component) which is generally attributed to "discrimination".
An issue associated with Equation (4) is that the differences in male and female productive characteristics are valued according to the male returns. In other words, it assumes that the male earnings structure is the earnings structure that would prevail in the absence of discrimination. It could be argued that the female earnings structure would prevail instead in the absence of discrimination (Oaxaca 1973) . In other words, Equation (4) can be rewritten as
Although functionally equivalent, these two decompositions generally yield different estimates for the earnings differential components. As a result, Oaxaca (1973) , in discussing the final result, suggested to taking the average of the two decomposition estimates. Neumark (1988) proposed an alternative decomposition method, which decomposes the average gender earnings differential into three components 2 . That is,
where the p i β s are the estimated coefficients for the pooled sample of male and female individuals, representing the nondiscriminatory earnings structure, and p α is the constant term of the pooled sample regression. The first term on the right-hand side of Equation (6) is the difference in the male and female average productive characteristics evaluated as the market would be in the absence of "discrimination". The last two terms in the square bracket contribute to the treatment (unexplained) component. The first term in the square bracket measures the male "pure" treatment advantage if it is positive. Similarly, the second term in the square bracket, if positive in value, represents the female's "pure" treatment disadvantage. Thus, these last two terms represent the amount by which male productive characteristics are overvalued and the amount by which female productive characteristics are undervalued. For the sake of comparison across methods, the last two terms would be combined into one in the following analysis.
B. Corrections for Heteroskedasticity
If the variance of the residual is not constant across observations, the regression is heteroskedastic. This could happen in our study due to a well-known phenomenon that women rarely got top-paying jobs. This implies that the distributions of earnings among women are tighter than among men (Stock and Watson, 2003, p.128) . Although heteroskedasticity does not cause bias or inconsistency for the ordinary least squares estimation of all the parameters in equations (1), (2) and their pooled specification (Wooldridge, 2003, p.257) , it does cause severe problems for inferences.
3 As a result, we need to specify a general functional form for the variance to correct for the heteroskedasticity (White, 1980) . A simplified functional form of heteroskedasticity is given by Wooldridge (2003, p.269) . Taking the residual for the male earning function as an example, we have:
where M ŷ is the fitted value of lnE M .
In Equation (7), we have taken the logarithm for the squared-residuals to make sure the fitted value of 2 M ε to be always positive.
Under the null hypothesis of homoskedasticity, we have:
If we reject H 0 , then it indicates the presence of heteroskedasticity.
C. Bootstrapping Procedure
Existing literature provides strong evidence that the estimates of each component vary by decomposition methods. To test whether there are significant discrepancies of the two decomposition methods presented in Equations (4) to (6), the standard bootstrapping procedure is applied. The reason that we choose to apply a bootstrapping procedure instead of a traditional parametric test is due to the complexity of our problem. Take the decomposition Equation (4) as an example. Both the explained and the unexplained components in Equation (4) involve the product of two random variables, i βˆ and i X . Even under the standard normality assumption, the parametric statistical inference for these two components is complicated. The advantage of bootstrap is to allow the researcher to make inferences without imposing specific distributional assumptions and without the need for analytic formulas for the sampling distribution's parameters. In fact, the bootstrap has been widely applied in testing the occupation segregation index (Boisso, Hayes, Hirschberg and Silber 1994) , poverty index (Osberg and Xu 2000) , income inequality (Mills and Zandvakili 2004) , and earnings difference by demographic groups using quantile regression (Fitzenberger and Kurz 2003) . For a detailed discussion on the technique, please refer to Efron (1982) and Efron and Gong (1983) .
In the present context, the procedure can be summarized by the following 11 steps.
Step 1. Estimate the male earnings function (1) Step 2. Estimate the female earnings function (2) on the actual data with sample size T F , obtain the parameters
and residuals F εˆ.
Step 3. Estimate the male-female pooled earnings function on the actual data with sample size T=T M +T F , obtain the parameters P α , and P i βˆ.
Step 4. Calculate the explained and unexplained components for the two decomposition methods given by Equations (4) to (6), based on the parameters estimated from Steps 1 to 3.
Step 5. Estimate the variance equation (7) for male to get residual . Similarly, estimate the variance equations for female to obtain (
Step 6. Randomly draw a male sample of size T M with replacement from the residuals Step 8. Apply Steps 6 and 7 to the female earnings function (2) with a sample of size T F , to obtain the parameters * F α and * F i β based on bootstrapped data.
Step 9. Estimate the male/female pooled earnings function on the bootstrapped data * * ln , ln
, generated from Step 6 and 8 respectively, as well as actual , to obtain the parameters * P α and
Step 10. Calculate the explained and unexplained components for the two methods given by Equations (4) to (6), based on the parameters estimated on the bootstrapped data generated from Steps 6 to 8.
Step 11. Go back to Steps 6 to 10, and repeat a total of N times. A set of N explained and unexplained components for each of the two methods will thus be obtained. They are the bootstrapped distributions of these components.
Based on these bootstrapped distributions resulted from N repetitions, we can then make inferences about the relative size of the explained and thus the unexplained components across the two methods reviewed in this paper. Given the fact that the total differential is constant across both methods, that is, the total differential is always equal to
, testing on the explained component will suffice. Specifically, we construct the pair-wise distributions of the differential explained component of Equation (4) versus Equation (5), Equation (5) versus Equation (6) , and Equation (4) versus Equation (6) . In constructing the 95% confidence intervals, we adopt both the standard percentile approach and the percentile-t approach for comparison purpose, although the latter is found to outperform the former in other studies (e.g. Li and Maddala 1999) .
The standard 95% percentile confidence interval is based on the 2.5% and 97.5% quantiles of the distributions of explained component differential. The 95% percentile-t confidence interval is given by ∆ m ij ± t 2.5% σ ∆ij , where ∆ ij is explained component differential between decomposition Equations (i) and (j) (i, j=4, 5, 6) , the superscript 'm' indicates that ∆ m ij is the mean of bootstrapped estimations of ∆ ij , t 2.5% is the critical value from the t-distribution with N-1 degrees of freedom that is exceeded with probability 97.5%, N is the number of bootstrap repetitions (N=1,000 in our case) 4 , σ ∆ij is the standard error of the bootstrapped distribution of ∆ ij , and ∆ ij is bootstrapped explained component differential.
To test the relative size of the explained and unexplained components within each decomposition method, the pair-wise distributions of the difference between the explained and unexplained component for each method were constructed. Again, the bootstrapped 95% confidence intervals of both the percentile and the percentile-t approaches were applied. Silber and Weber (1999) proposed a different bootstrap approach to test the significance of the two decompositions. However, their approach suffers from three limitations. Firstly, they did not consider the possibility of heteroskedasticity. Secondly, they did not test the significance between the explained and unexplained components of the estimations. Finally, they treated the alternative estimate as a fixed number in the null hypothesis when they compare two decomposition methods. In fact, since any of decomposition measure is a random variable estimated from a random sample, their tests may be biased by imposing an incorrect assumption.
III. Data and Earnings Function Estimations
The data employed in this study were extracted from the 1997 4 That is, t 2.5% =1.96 with N=1,000 in our case. 6 Males attained a higher level of education, particular at the university level and above. Males were not only having more years of actual working experience, they also tended to be senior technicians or working in the government sector. Many more females were employed by collective enterprises, while the percentage of males and females working in private enterprises was fairly the same. With the opening up of the Chinese economy in the 1980s, it was not surprising that a high percentage of individuals (over 38% of the sample) worked in the manufacturing industry. A noticeable difference in the sectoral employment by gender was that males 5 Although it is known that a survey has been done in 2002, it has not been released for public use. With no alternative choice, the present study has to adopt the latest Chinese data available to the authors. The survey data of 1997 was done after China has been undergoing economic transformation for two decades. The existence of discrimination (represented by the unexplained component) in transition economy like China is not generally as clear cut as that has been found in developed countries. Testing the significance between the explained and the unexplained components becomes an important issue. Accordingly, data from China is chosen for illustration purpose. With a representative national sample, the results derived from the data should be relatively reliable. 6 The t-test showed that the difference in earnings by gender was statistically significant at the 5% significance level.
tended to be in the construction and communication industries while females were more likely to be working in the services industries. The overall sample distributions across provinces are quite similar between males and females. As outlined in the previous section, the logarithmic earnings of an individual were regressed on a list of explanatory variables. With the available information, the explanatory variables include education level with primary education and below as the reference group, actual working experience and its square, occupation with services and other types of occupation as the omitted category, the type of enterprises with non-state-owned enterprises as the omitted group, industrial sector with agriculture, utility and other industries as the reference group, and the place of residence with Ganshu province as the reference group. The earnings function estimations for the pooled sample and the sample by gender were reported in Table 2 . The performance of the OLS estimations was found to be satisfactory with R 2 ranging between 0.42 and 0.46. Most of the explanatory variables are significant with expected signs. Earnings of an individual increased with education level. The earnings profiles exhibited standard concave shape. Occupation, enterprise ownership type, industrial sector, and the place of residence were found to be significant in affecting the earnings of both males and females.
IV. Statistical Inference of the Gender Earnings Differentials
Based on our sample of individuals, the difference in the log earnings by gender was 0.2364. This differential was decomposed into the explained component and the unexplained component according to the two decomposition methods presented in Equations (4) to (6) . Equation (4) is Oaxaca's approach with male's earnings structure as the non-discrimination earnings structure (Oaxaca-M hereafter) . It produced the lowest value in the explained component but the highest value in the unexplained component (cf. Table 3 ). The results from the Oaxaca-F approach (treating the female's earnings structure as the non-discrimination structure) fall within the range of the Oaxaca-M approach and the Neumark method (Equation (6) , treating the pooled earnings structure as the non-discrimination structure). Clearly, our data set supports the argument that the Neumark method gives rise to a lower estimate for the unexplained component than that of the two Oaxaca approaches (Neumark, 1988, p.293) .
However, the divergences of these results could not be confirmed in the absence of a statistical test. The bootstrap testing procedure discussed earlier is therefore applied. Given the fact that the gender earnings differential is significantly different and the total differential is constant across all two methods, testing on the explained component will suffice.
Before applying our bootstrapping procedure, we first conduct the heteroskedasticity test presented in Section II.B. The test statistic for the pooled sample is F(2, 10860)=34.48, which rejects the null of homoskedasticity at the 5% significance level. It indicates that the heteroskedasticity corrections of our proposed bootstrapping procedure outlined in Section II.C is necessary.
Based on 1,000 bootstrap repetitions, Table 4 presents the results of the pair-wise distributions of the difference in the explained component of the decomposition methods: (1) Oaxaca-M versus Oaxaca-F (Equation (4) versus Equation (5)), (2) Oaxaca-F versus Nuemark (Equation (5) versus Equation (6)), (3) Oaxaca-M versus Neumark (Equation (4) versus Equation (6)), and (4) Oaxaca's average of male and female estimates versus Neumark 7 .
Regardless which type of confidence interval (CI) is adopted, the explained components estimated from the Oaxaca-M and the Oaxaca-F approaches were indifferent from each other at the 5% significance level. A similar conclusion can be drawn for the comparison between the Oaxaca-F approach and the Neumark method. However, the explained components estimated from the Oaxaca-M and average approaches are both significantly smaller than the Neumark method at the 5% level. Given the fact that the total earnings differential is constant across both methods, the results of Table 4 also imply that the unexplained component of the Neumark method is significantly smaller than that of the Oaxaca-M and average approaches.
The confirmation of the decomposition method is the first step in addressing the issue of gender discrimination. To complete the story, we also tested the significance of the contribution of the explained and unexplained component within each of the two methods. For each decomposition method, we construct the pair-wise distributions of the difference in the explained and unexplained component, utilizing the results of the same bootstrap procedure for the previous analysis. The results are given in Table 5 . Again, bootstrapped 95% confidence intervals of both percentile and percentile-t approaches were applied.
As shown in Table 5 , both the Oaxaca-M and average approaches (Equation (4)) gave a significantly smaller explained component than the unexplained component at the 5% level. In other words, discrimination played a more significant role in shaping the gender earnings differentials according to the Oaxaca-M and average approaches. The statistics presented in the last two columns of Table  5 revealed that equal contribution of both the explained and the unexplained components towards the total earnings differentials was found. To conclude, discrimination (the unexplained component) contributed at least 50% of the gender earnings differentials for our sample of Chinese workers.
V. Conclusion
To summarize, our testing procedure utilised to experiment with our Chinese data set suggests that although estimates from the Oaxaca (1973) approach based on female earnings structure (Oaxaca-F, Equation (5)) lie between the Oaxaca (1973) approach based on male earnings structure (Oaxaca-M, Equation (4)) and the Neumark (1988) method (Equation (6)), the estimates of Oaxaca-F approach are not significantly different from that of these two other methods. However, the Oaxaca-M and average approaches present the smallest explained component, which are significantly smaller than their unexplained counterparts, and are also significantly smaller than the explained component estimated by the Neumark method. These conclusions imply that the two decomposition methods we reviewed have quite significant statistical discrepancies.
For researchers who are interested in utilizing our data set for further investigation, there are two options for them. One is to apply the Oaxaca-F approach, since its results are insignificantly different from the other two approaches. Alternatively, one has to present the results from all of the Oaxaca-M and average approaches and the Neumark method, since their results are significantly different.
One may argue that our results may be case specific. Using a randomized national data set of a reasonable sample size, we believe that the issue of the significance test on the decomposition methods and the components within each method is warranted. We merely provide a guideline on how to choose different decomposition methods without losing important information, and on evaluating the relative importance of the explained versus the unexplained components for any chosen method. To ensure robust results, further application to other data sets or research areas should be encouraged. 
